The dissection of the mode and tempo of phenotypic evolution is integral to our understanding of global biodiversity. Our ability to infer patterns of phenotypes across phylogenetic clades is essential to how we infer the macroevolutionary processes governing those patterns. Many methods are already available for fitting models of phenotypic evolution to data. However, there is currently no non-parametric comprehensive framework for characterising and comparing patterns of phenotypic evolution. Here we build on a recently introduced approach for using the phylogenetic spectral density profile to compare and characterize patterns of phylogenetic diversification, in order to provide a framework for non-parametric analysis of phylogenetic trait data. We show how to construct the spectral density profile of trait data on a phylogenetic tree from the normalized graph Laplacian. We demonstrate on simulated data the utility of the spectral density profile to successfully cluster phylogenetic trait data into meaningful groups and to characterise the phenotypic patterning within those groups. We furthermore demonstrate how the spectral density profile is a powerful tool for visualising phenotypic space across traits and for assessing whether distinct trait evolution models are distinguishable on a given empirical phylogeny. We illustrate the approach in two empirical datasets: a comprehensive dataset of traits involved in song, plumage and resource-use in tanagers, and a high-dimensional dataset of endocranial landmarks in New World monkeys. Considering the proliferation of morphometric and molecular data collected across the tree of life, we expect this approach will benefit big data analyses requiring a comprehensive and intuitive framework.
Interpreting the Spectral Density Profile for Phylogenetic Trait Data 275 The shape of the spectral density profile of the nMGL reveals many aspects characteristic 276 of the underlying evolution of a trait within a phylogenetic clade. Specifically, the tracer 277 (peak height, n η), the fragmenter (skewness, n ψ) and the splitter (principal n λ, n λ * ), of the 278 profile may be interpreted in terms of the evolutionary history of the trait (Fig. 2) . 279 The tracer summary statistic represents the peak height of the spectral density 280 profile. In macroevolutionary terms, this is indicative of the phylogenetic signal of a trait, 281 where larger n η indicate more phylogenetic signal ( Fig. 3A-C) . We show that the tracer is 282 strongly correlated with conventional summary statistics of phylogenetic signal, with n η 283 increasing with Blomberg's K (y = 3.44 − 4.13x + 1.36x 2 , R 2 = 0.96, P < 0.01) and 284 decreasing with MDI (y = −2.65 + 2.23x − 0.34x 2 , R 2 = 0.93, P < 0.01) ( Fig. 3D) . 285 White-noise models fall at the lowest end of tracer values, converging with AC models 286 simulated with β = 1.5 in terms of tracer values (Fig. 3 ) . 287 The fragmenter summary statistic represents the relative abundance of small versus 288 large n λ. In macroevolutionary terms, larger n ψ indicate a more discrete distribution of 289 trait means in trait space. We show that for trait data simulated on increasingly 290 discretized macroevolutionary landscapes, spectral density profiles have correspondingly 291 higher fragmenter values ( Fig. 4A-C) . We also show for trait data simulated with DC 292 models with an increasingly negative rate parameter, β, which produce increasingly 293 discretized trait space, that spectral density profiles have correspondingly higher 294 fragmenter values ( Fig. 4D-F) . Notably, the discrete clusters of mean trait values generated 295 by macroevolutionary landscapes are generally not monophyletic, whereas those generated 296 by DC models are monophyletic.
The splitter summary statistic, which is the principal n λ computed from the nMGL, 298 is diagnostic of the bipartiteness of the nMGL. Specifically, it is indicative of how easily the 299 graph can be disjointed into two components. We show that splitter values increase 300 (approaches 2) as the number of monophyletic groups with different trait means 301 approaches two ( Fig. 5A-C) . When groups are defined using k-means clustering (with 302 k = 2) on the nMGL, the average phylogenetic distance between groups approaches two 303 times the crown age of the phylogeny when there are two monophyletic groups, 304 demonstrating that clustering on the nMGL allows recovering these two groups (Fig. 5D ).
305
Splitter values obtained from the randomized datasets are similar to those obtained from 306 the original datasets, suggesting that phylogenetic signal has little effect on splitter values 307 (Supplemental Fig. 1 ).
308
Importantly, the fragmenter and tracer values are sensitive to the introduction of 309 erroneous data, although not dramatically (Supplemental Fig. 2 ). When a considerable 310 amount of sampling variance (equal to three times the standard error) is introduced on 311 10% of tips, fragmenter and tracer values decrease only slightly. The impact of erroneous 312 data only becomes appreciable when it is introduced on a large proportion of tips (≥ 30%).
313
However, it is only when 100% of tips are affected by erroneous data that the inference of 314 fragmenter and tracer values begins to approach that of AC models (β = 1.5), which shows 315 that the nMGL is in large robust to error-prone data.
316

Clustering Models of Phylogenetic Trait Data
317
For the traits simulated on the constant-rate birth-death trees under the three different 318 trait evolution models, we found that the spectral density profiles were optimally clustered 319 into three groups (bootstrap probability > 0.95) ( Fig. 6A ). Separate clusters could be 320 overwhelmingly (> 95%) assigned to AC, BM, and DC models with an average silhouette 321 width= 0.6. The DC cluster is considerably farther from the AC and BM clusters than the simulated on increasing-rate and decreasing-rate trees show slightly different abilities to 324 cluster trait models using spectral density profiles. They also show different configurations 325 of profiles in multidimensional space, although this is expected because the nMGL is 326 computed using the phylogenetic distance matrix, which is sensitive to tree shape. For the 327 increasing-rate tree, the profiles were optimally clustered into three groups (bootstrap 328 probability > 0.95), each of which could be exclusively assigned to either AC, BM, or DC 329 models with an average silhouette width= 0.79 ( Fig. 6B ). Similarly to the constant-rate 330 tree, the DC cluster is considerably farther from the AC and BM than the AC and BM are 331 from each other. For the decreasing-rate tree, we found two significant clusters (bootstrap 332 probability > 0.95), one of which can be exclusively assigned to DC models and another 333 that is a hodgepodge of AC and BM trait models with an average silhouette width= 0.55 334 ( Fig. 6C ). When plotted in multidimensional space, the AC and BM models simulated on 335 the decreasing-rate tree occupy the same region and are therefore indistinguishable based 336 on their spectral density profile summary statistics for this tree.
337
For the constant-rate non-ultrametric tree, trait models are also distinguishable 338 based on hierarchical and k-medoids clustering (Supplemental Fig. 3A ). The average 339 silhouette width for clusters of traits on the non-ultrametric tree is 0.82, compared to only 340 0.6 on the ultrametric tree (Supplemental Fig. 3B ), which demonstrates that the trait 341 models are more distinguishable on the non-ultrametric tree. We similarly found trait 342 models to be distinguishable on increasing-rate (Supplemental Fig. 3C ) and decreasing-rate 343 (Supplemental Fig. 3D ) non-ultrametric trees. 344 We estimated the effects of tree size on spectral density profile summary statistics.
345
Fragmenter and tracer values increase with tree size, while splitter values decrease with 346 tree size (Supplemental Fig. 4A ). At 20 tips, the profiles of AC, BM, and DC models 347 occupy the same phylogenetic trait space, but at 50 tips the models are distinguishable these models. Similarly, although it is impossible to separate the relative contribution of 432 phylogenetic and trait distances on the SDP, it is possible to compare SDPs for the same 433 trait data across multiple versions of a phylogeny (e.g., a posterior distribution of trees 434 generated by Bayesian inference) and thus estimate the effect of tree construction on 435 inferences of trait evolution. We can also anticipate that spectral density profiles will be 436 useful to compute the distance between simulated and real data in Approximate Bayesian tracer is measuring, which is the iteration of n λ around a single value. When within-clade 454 variance is low and among-clade variance is high, then the majority of n λ will have a 455 similar value, the tracer will be high and so will Blomberg's K. The fragmenter measures the discreteness of phenotypic space. Higher fragmenter values indicate that trait values 457 are distributed in more discrete groups in phenotypic space, as would occur under an early 458 burst model of trait diversification or high levels of convergence to multiple optima. The 459 relationship between the tracer and fragmenter gives some indication as to whether 460 convergence has likely occurred: the ratio of tracer to fragmenter will be higher if the 461 discretization of trait values in phenotypic space shows a strong phylogenetic signal (i.e., in 462 the absence of convergence). We show, for example, that a two-peak macroevolutionary model. Of course, we cannot assign a threshold value for convergence, above which the 467 tracer to fragmenter ratio conclusively evinces phenotypic convergence. However, for a 468 given analysis of different trait data on a tree, we recommend comparing tracer to 469 fragmenter ratios between analyses, in order to deduce the comparative levels of 470 convergence between datasets. Finally, the splitter of the nMGL is diagnostic of the 471 bipartiteness of the graph and therefore, in terms of phylogenetic trait data, higher splitter 472 values indicate a bimodal distribution of trait values with high phylogenetic signal. 473 We analyse a previously published dataset on pPCs for tanagers (Drury et al. 2018) 474 to show the usefulness of clustering phylogenetic trait data to identify and characterize 475 traits with similar evolutionary histories among a set. Our result, that the evolution of Overall, our results support the idea that there has been differential selection on different 502 brain regions in New World monkeys, due both to an early adaptive radiation and 
505
A major focus of work on phenotypic evolution relates to the study and 506 identification of co-evolving traits using multivariate models (Clavel et al. 2015) .
507
Specifically, the correlated evolution of multiple traits resulting in evolutionary integration expects such sets of traits to have shared evolutionary histories (Goswami 2007) . We would 509 therefore also expect that these traits, whether they are biologically integrated or 510 co-evolving with some shared variable, will have similar spectral density profiles; and so 511 clustering profiles may be a way to identify different sets of integrated traits from 512 multivariate data. This can become particularly useful when there are many traits, as is 2014)). 515 We have developed an approach, implemented in user-friendly software, which is a of the difference matrix of the trait data (|g i − g j |) and the matrix of phylogenetic branchlengths between tips (d i,j ), such that Θ = d i,j |g i − g j | at i = j and zero along the diagonal. The weighted MGL, D − Θ, where D is the degree matrix of Θ, is computed as the weighted value of (i, j), −Θ(i, j) = −w(i, j), at i = j and as w i,k for i = j. The normalized MGL (nMGL) is normalized by D, so that nMGL= D −1/2 (D − Θ)D −1/2 , resulting in unity along the diagonal and negative the weighted value of (i, j) divided by the square-root of the product of δ i and δ j for i = j. (C) The spectral density is obtained by convolving the eigenvalues, n λ, computed from the nMGL with a Gaussian kernel and then plotting the density of n λ. Figure 2 : Defining phylogenetic trait space Any phylogenetic trait data can be placed in a three-dimensional space defined by the splitter ( n λ * ), the fragmenter ( n ψ), and the tracer ( n η), which broadly represent the bipartiteness, discreteness, and phylogenetic signal, respectively, of the phylogenetic trait data. Hypothetical traitgrams are placed in the corners of the space, illustrating the type of patterns expected in those corners. Traitgrams are generated on the same phylogenetic tree under different trait evolution parameters. Figure 6 : Clustering phylogenetic trait data using the spectral density profile of the nMGL. Hierarchical clustering of spectral density profiles and three-dimensional plotting of spectral density profile summary statistics for phylogenetic trait data simulated under AC, BM, and DC models of trait evolution on (A) a constant-rate birth-death tree, (B) an increasing-rate birth-death tree, and (C) a decreasing-rate birth-death tree. The trees are shown as insets. Asterisks denote bootstrap probabilities > 0.95 at the split. Figure S1 : Measuring the effect of phylogenetic signal on splitter values. (A) Boxplot of the splitter values for 100 randomized datasets (white) obtained for each of the ten datasets with two monophyletic clusters. Splitter values for the initial BM datasets with two clusters are shown in purple. Boxplot of 100 datasets simulated under a simple BM process with no clusters on a single tree (coral) is shown for comparison. (B) Boxplot of Blombergs K for each randomized dataset (white); values for the initial BM datasets with two clusters are shown in purple. Boxplot of 100 datasets simulated under a simple BM process with no clusters on a single tree (coral) is shown for comparison. Figure S2 : Measuring the effect of erroneous trait data on spectral density profile summary statistics. Spectral density profile summary statistics for data simulated under a BM process (coral) with introduced error for 10% of tips with a sampling variance equal to one, two, and three times the standard error of the simulated BM data; and with a sampling variance equal to one times the standard error for 10, 20, 30, 100% of tips. Spectral density profile summary statistics for data simulated on the same tree under an ACDC process (β = 1.5) is also shown (cornflowerblue). C) D) Figure S3 : Clustering phylogenetic trait data using the spectral density profile of the nMGL on a non-ultrametric tree. Hierarchical clustering of spectral density profiles and three-dimensional plotting of spectral density profile summary statistics for phylogenetic trait data simulated under AC (cornflower blue), BM (coral), and DC (sea green) models of trait evolution on a single (A) constant-rate, (C) increasing-rate, and (D) decreasing-rate birth-death tree without pruning extinct lineages. Tree is shown in inset. Asterisks denote bootstrap probabilities > 0.95 at the split. (B) Silhouette widths for profiles comprising each trait model cluster simulated on the ultrametric or non-ultrametric tree (see Fig. 5A ). 
